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ABSTRACT

The biological systems' study is booming Some
scientists use well known mathematicaltools sud as
differential equationswhile otheis use graphs or other
formalisms. Since the 2000's, new models are more
and more used: processalgebras. Thesealgebras allow
to model the biological systemsat the scale of the
componentsAnother individual-centeed paradigm, very
usedin computerscience is the multiagent paradigm. We
presentin this paper a simulation methodof stodastic

-calculus models with a multiagent platform. The
implementationof this methodled us to the realization
of the SPIC-MAS softwae. The robustness and the
adaptability of MultiAgent Systemsallow to the user of
this softwae to do genuineexperimentsin the computing
and virtual world: “In Virtuo”.

Keywords: stochastic -calculus; multiagent system;
biological simulations;In Virtuo experiment

I. INTRODUCTION

To study a real phenomenon.he scientistsbuild a
simpli ed representationof it called“model” . It is however
often impossible, physically or for reasonsof cost, to
confront a model with the reality by experiment.In this
work, the studiedreal phenomenarereactionsof chemical
or biological natureandthe modelof thesephenomenare
scripturallines of processalgebra The direct confrontation
betweenthesetwo elementss not doneimmediately The
scientistsrecourseto simulationsthen. Thereare however
several meansto carry out simulations: the most part
of simulation at the presenttime consistin solving an
exact or approximateway equationswhich underlie the
physical models. Thesesimulationsare deterministic In
this mathematicalapproach,some equationsare enough
for exampleto model the operationof an ecosystemand
their numericalresolutionto simulateits evolution. Within
the framework of the biological or chemicalphenomena,
this model allows to describethe kinetics of evolution
(creationor disappearance)f a componenbf the reaction.
In thesedeterministicsimulations,the result will always
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be the sameif one initializes the systemwith the same
initial conditions. What allows to notice a simulation of
this type, it is the averagebehaior of the real system.
One of the weaknessesf this approachof simulationis
its absenceof explanatoryreach.They note that studied
phenomenortorverges(or not) towardssuchor suchstate
but they ignore which are the concernedmechanisms.
Contrary to mathematicalmodelling, individual-centeed
models,or multiagentmodels,are focusedon the means
ratherthan on the aims. Insteadof trying to accountfor
the evolution of total parametersthey posethe problem
at the scaleof the individual. The result of a individual-
centeredsimulation will be the sum of the behaiors of
eachcomponenbr elementof themodel.If the elementof
the model have non-deterministidehaiors (becauseheir
behaiors dependon their ervironmentfor example), the
resultswill be variablefrom one simulationto another
The main objective of this paperis to shov a methodof
simulationof modelswrittenin stochastic -calculuswith a
multiagentplatform. With this intentionwe will introduce
into sectionl | the stochastic -calculusprocessalgebra
which will be the supportof descriptionof biochemical
models.We will detailin sectionl I | the agentparadigm.
In sectionl V, we will presentour modelandin section
V, someapplications.

Il. -CALCULUS

The -calculus[15] is an processalgebra.The process
algebrasare formal languagesvhich allow to make mod-
els of distributed computerprocessesvhich communicate
betweerthemby explicitly nhamedchannelsandwhich can
be thus synchronizedThe ancestorof -calculusarethe
algebrasCSS(Calculusfor CommunicatingSystems)14]
which allows to representonly the interactive concurrent
systemsasthe protocolsof communicatiorand CSP[12].
But the -calculusincludesin addition the creation of
bondsbetweeralreadyexisting componentsThis evolution
is called mobility: it allows to model the movement of
bonds betweenthe componentsand also the movement
of the componentshemseles. For that, we will consider
the location of a componentof an interactve systemby
the bondswhich it has.We determinethus which are the
neighborsof this componentlf we reasonof the kind, the
movementor the changeof locationis representedby the
changesof bonds(i.e. theseneighborsare not any more
the sameones).



All in all, -calculusallows the modelling of the com-
municationof several processeshrougha network whose
topology changesdynamically They are the processes
themseles which changethe topology of the network by
which they communicate.

A. Syntaxof -calculus

The syntaxis the whole of the elementsof vocalulary
which areusedin a -calculusmodel:

processes they are indicatedby a word beginning
with an uppercasdetter.
names: Thesenamesare in fact simple variables
or channelsof communication.Their visibility can
be total in the model (these are public hames)or
be restrictedto certain processeqtheseare private
names).They areindicatedby a word beginning with
a lower case.
operators given hereby increasingsetof priorities:

— +: non-deterministichoicebetweerprocessesr
actions.

— . ! sequentiality

— j : parallelism

actions: polyadic -calculusherewill be considered:
the contentof communicationganbejust aswell one
nameas a vector composef several names.

— emission: channel ! (namel; name2; ::).
Sendon the channelchannel the informations
namel; name2; ::.

— reception: channel ? (namel; name2; :::). Re-
ceives on the channelchannel the informations
namel; name2; ::..

— restriction (creation of private names) :
new(name; :::). Createa namename belonging
to local processandto all his descendants.

— call : Process Call processProcess

B. Operational semanticsof -calculus

Operational semanticsdescribesthe behaior or the
evolution of the process.lt allows to know what is the
result of the interactionbetweenseveral processesWith
this intention, it usesrules of reduction.Main examples
arethe rule of communicationandthe rule of choice.Let
us considertwo processe® 1 andP 2:

Communication if a!(y):Plja?(x): P2
then the name y could be communicatedby the
channela. The systembecomesghe following:

P1j P2x vyJ*
Non-deterministicchoice: let the following system:
A j D with

A = xI():B + y?():.C

D = x?0):E + y!():F
it canbereducedn anequiprobablevayin B j E or
CjF.

1Ix  y] meansthe replacemenbf all the occurrences in P2 by y.

C. Stodastic -calculus

1) Limits of the -calculus The -calculusas other
algebraswhich we have alreadynamedallows to describe
a systemonly in a qualitative way. To integratequantitative
aspectsand performancesinto the processalgebras,a
parameteils associatet eachaction. This parameteis a
probabilisticdistribution. Generallythe algebrashus built
i.e. the stochasticalgebrasare going to follow Gillespie's
algorithm example [10]. Each action will have a certain
probability of beingcarriedout and,if needbe,will require
a certaindurationto be carriedout. Stochastic -calculus
was introducedin 1995 by Priami[18].

2) Gillespies algorithm: Gillespie’s work concerned
the stochasticsimulationsof chemicalreactions.Gillespie
obsened the reactionsat a microscopicscaleand studied
the collisionsbetweemmolecules Thesecollisionsarewell
the founder elementsof the chemicalreactions.Then he
could crossedanotherscaleof obsenation, the mesoscopic
scale. At this scale,the collisions are not obsered ary
more one by one but the averagequantity of collisions
canjust distinguished Thus, more the averagequantity of
the collisionsis supposedo be large, more one molecule
will belikely to collide with otherone,andmore thatwill
be donequickly. The vision of Gillespieis a probabilistic
vision. The collision betweertwo moleculeswill bea prob-
abilistic law accordingto the numberof moleculesAnd it
is the samereasoningfor time. The time during which no
collision occursis also a probabilisticlaw dependingon
the quantitiesof moleculespresentn the system Gillespie
could de ne two mathematicalrules: one concernsthe
identi cation of reactionthe moleculeswhich will react
andthe otherconcernghe probablequantityof time during
which the systemwill remain stable (when no collision
occurs)[10]. Let:

hi : the numberof distinct combinationsbetweenthe
moleculeswhich canreactfor thereactioni atagiven
moment.

¢ : Thekinetic coefcient of the reactioni.

a; : theproducth; ¢.

aop : thesumof all ;.

To determinethe next reactionwhich will occurbetween
elementanguantitiesof thereactve moleculeqthesequan-
tities correspondo the stoechiometriccoefcients of the
reaction),it is necessaryto draw a randomnumberand
uniformly distributed between0O and 1. This numberis
noted r,. The reactionwhich will occur is the reaction
m suchas

P mla < a P
Secondly to calculatethe period of time linked to this
elementaryreaction, another random number should be
drawn: r;. The periodof time t is:

t = (1=a0) In(1=rq)

m
i=1 Qi



3) Stodhastic -calculus Gillespie's work was there-
foreintroducedinto -calculus.But, its applicationdiffers:
the probability of communicationvia a channelreplaced
the probability of a single collision in a chemicalreaction.
To take into accountthis newv mechanismit is necessaryo
add an additionalelementof syntax:a rate. This rateis a
positive realnumberandis associatedvith eachchannelof
communicationlt correspondso the coefcient of kinetics
of the algorithm of Gillespie. Whereasin -calculus,all
the communicationscometrue with equal chancesjn its
stochasticrersion this ratewill berelatedto the probability
of achiesementof a communication.The integration of
this probabilistic algorithm in  -calculuswill sene rst
to choosethe communicatiorwhich will occurat a given
momentamongall the possiblecommunicationshen to
calculatethe time of realizationof this communication.

D. Application of the stodhastic -calculus at the biology

Since 2001, stochastic -calculusis also usedfor bio-
logical modelling. Indeed,the researchersoticedthat the
biological networks share a great number of functional
aspectawith the computernetworks. Models of computer
science(suchas networks) enoughstudiedand understood
well can give useful proof for biology [21]. It becomes
possibleto exploit the already existing processalgebras
to model the biological processesn a formal way. So,
every molecules,cells or other biological systemscan be
seenas processe®f -calculus[22]. Thesestochastic -
calculusmodelsoffer several advantagesthe composition
and modularity (it is possibleto assemblelarge models
from smallerby re-usingcomponentsandthe permutation
betweenvarious levels of abstraction(model of whole
topological networks or models of the interactionsat a
molecularscale).Unlike the modelsof biological systems
with differential equations,in this stochasticsimulation,
each biochemical elementwhich can react is therefore
consideredindividually: the stochastic -calculus model
describesthe behaiior of one elementat the sametime
andthe resultis the parallelizationof all the behaiors of
individuals. Given that eachindividual evolves of its own
way (he hasvariablechanceo interactat a givenmoment),
the simulation of the model will not provide us a unique
result. The resultof suchsimulationprovidesus one of the
possiblebehaiors of the modelledsystem.

Some computertools were already developedto carry
out simulationsof modelswritten in stochatic -calculus.
We canquoteBioSPi [23] and SPiM [16].

The biochemicalmodelsareindividual-centereanodels.
They are copied on the models of concurrentand com-
municatingcomputerprocessesToday all theseconcepts
belongto the agent paradigm.

Ill. THE AGENTS FOR THE BIOLOGY

A. Agentsand multiagent system

The rst work on the multiagentsystem(M.A.S.) dates
from 1980sunderthe in uence of Articial intelligence,
bio-sciencesyobotics and developmentof the distributed
computingsystems.

1) Agent The conceptof agentcovers several accep-
tancesaccordingto researctdomainandauthors However,
all put the emphasin the conceptof autonomousntities
endaved with capacitiesof communication According to
Ferber[8], we call agenta physical or computerentity
ableto perceve and acton its ervironment.Moreover, an
agentcancommunicatavith the otheragentsof simulation
but follows anindividual goal. An agenthascompetences
and can possibly reproduce.For Demazeau[6], a real
or virtual entity can be describedas agentwhen it is
able to control whole or part of its operation(perception,
reasoning,actions). For Tisseau[24], eachagentcan be
assimilatedo a threestrokes engine:

1) perception: the agentpercevesits immediateervi-
ronmentusing specializedsensors,

2) decision: it decideswhat it must do taking into
accountits internal state, the valuesof its sensors
andits intentions,

3) action : it acts by modifying its internal stateand
its immediateervironment.

2) Multiagent systems When a greatnumberof these
agentsare joined togetherto work in a commonenviron-
ment, they form a multiagent system. Multiagent simu-
lations allow to model complex situationsand they are
individual-centeredBut like any modelling,the multiagent
approachsimpli es the studiedphenomenonOn the other
hand, this kind of simulation allows to mainly respect
the compleity of phenomonby authorizing a diversity
of componentsa diversity of structuresand a diversity
of interactions.Such simulationsallow the obsenation of
structuresand behaiors which emege at the collective
level from the individual and local interactionsof the
agentsFor Demazeay6], a MAS canbe describedoy its
four facets the vowels AEIO, which arethe initial onesof
Agent, of Environment(the supportof the agents'actions),
of Interaction (the interactionsbetweenthe agentshave
a role) and of Organization (which is producedby the
layout of the relationsbetweenthe entities). Tisseau[24]
suggestso add to it the conceptof User (vowel U) so
that the operatortakes an active part in the simulation.
It will allow to carry out real experimentationsof the
model. It is the experimenterhimself who gives senseto
the simulation by wanting to test its hypothesesand by
interacting with the agentsof simulation and unsettling
them to test the reactivity of the model. In the eld of
biology like elsavhere,the usermustformedintegral part
of the numerical simulation, as much as he is in the



usualbiochemicalexperimentgcalledIn Vivo or In Vitro).
Tisseausuggestghe term of In Virtuo experimentationto
qualify suchsimulationsexecutedoy computersin avirtual
world populatedwith autonomousentities.

B. ARéM : multiagent platform

The platform ARéVi (Workshopof Virtual Reality) [1]
is a multiagentplatform for the virtual reality developed
in the C.E.R.\ (EuropeanCenterfor Virtual Reality). It
is a toolbox to create applicationsof virtual reality. It
takesinto accountvarioustechniquef graphicrendering,
space sound and managesvarious peripheralsto allow
the interaction betweenthe usersand the virtual world.
The core of this platform [11] allows the implementation
of multiagentsystems.This core offers the possiblity to
implementautonomouggentsvhichcommunicatéy mes-
sages.So, eachagenthas properties,know-how, a letter
box and actwities. The schedulingof the actvities have
the following characteristicsit is asynchronousgchaotic
andwithout handing-wer. For eachcycle of simulation,the
schedulemwill carry out all the activities whosethe delay
of wait is reachedand that only once. The execution of
theseactvities is donein a sequentiaay, the onesafter
the others.The order in which they executedis random.
Moreover, insidethe samecycle, thelastlaunchedactiities
can exploit and reasonon the information broughtby the
rst launchedactvities (asynchronism).

Several biological modelshave alreadybeensimulated
onthisplatform. Theagentgepresentells[5], biochemical
reactiong[13], [20] or more complex phenomend7].

The continuationof the article will be dedicatedto the
realizationof a softwareperformingmultiagentsimulations
which recreatethe most accuratelypossiblethe behaiors
of the stochastic -calculusprocessesThis software will
be basedon the multiagentplatform AReVi.

IV. MODEL

To answerthe postedobjective, i.e. the multiagentsim-
ulation of a stochastic -calculusmodel, it is rst of all
necessaryo achieze an exhaustve analysisof the model.
Then,it is necessaryo retranscribastruthfully aspossible
the mechanismf simulation of stochastic -calculusin
the agentsof the MAS. The directimplementatiorof these
methodswill lead us to the realization of a software of
simulation.Its rst modulewill make the analysisandits
secondmodulewill generate the agentorientedcomputer
code that will be exploitable by the multiagentplatform
AREV.

A. Stodhastic -calculus model analysis

To be ableto carry out a simulationin conformity with
the model, it is necessarnyto save all the characteristics
of the model: the rst module of the software extracts,
controls and saves all the information containedin the

model. The input of this moduleis simply a textual le
containingthe model i.e. the list of descriptionsof each
processof the -calculusmodel (seethe examplesgiven
gures 2 and 3). This descriptionusessyntax employed
higher This syntaxis closeto thatde ned by Milner (only
somecharactersvere substituted?! for the emission;? for
the receptionand new in insteadof ), contraryto the
syntaxusedin the tools like BioSPi[23] and SPiM [16].
No prior declarationsof the channelsof communication
andinitial parameter®f simulationare addedin this le.
The control of this text is certainly not exhaustve but
alreadyallows to checkif:

the words and the signs employed in the model are
thoseof stochastic -calculus.

the layout of the words of the model respectsthe
syntax of stochastic -calculusmodels(for that, the
software searches layout which is de ned by gram-
maticalrules).

if a calledprocessexists.

the numberof algumentspassedduring a call corre-
spondsto the numberof waited arguments.

the samechannelis always usedwith the samerate.

Thesedetectederrors will be easily and clearly sentto
the userwho will thenbe ableto make correctionsat his
model.After collectingtheinformationon the stochastic -
calculusmodel,it is necessaryo nd the meansof carrying
out a simulationof this model by usingthe capacitiesand
the resourcef a MAS. Now, we will detail the methods
which we worked outto be ableto simulatea stochastic -
calculusmodelwith a MAS. The two fundamentalpoints
of this work, on which a simulation of stochastic -
calculusmodelrestsarethe schedulingpf the actionsof the
processesluring the time andthe algorithm of Gillespie.

B. ProcessAgents

The -calculus models are, as we saw, individual-
centeredmodels. They allow to expressthe behaior of
each substanceor entity which composesthe systemto
be modelled.The Processagentis a moreor lesscomplex
agentwich will bejustlike a stochastic -calculusprocess.
To bedone,the Processuagentswill respecthetraditional
groundwork of the computeragent:

they are pro-active: they must Il a plan of actions
in conformity with the -calculusdescription.When
this plan of actionsis lled, they die.

their phaseof perceptioncorresponds$o know which

actionsthey accomplishedand which are potentially
to male.

their phaseof decisioncorrespondgo determinethe
actionswhich will beto launch(andthataccordingto

the resultsof perception).

their phaseof action is the realizationof the selected
actions.



The diagram of the actions of a processis governed
by the priorities of the operatorswich coordinatethe
actions.Thereare+, : andj, for respectiely the choice,
the sequentialityand the parallelism. By taking into
accountthe priorities of theseoperatorswe can work
outahierarchyandplacethevariousactionsattheleaves
of atree.

AB+C.DE.F+G
/ \G
/\ PN
A B C | F
/\
D E

Fig. 1. Exampleof treein wich the statemadine works.

Action plan of Processagents The Processagentsnust
bejustlike -calculusprocessewhichthey representThey
thereforehave to performa seriesof actionswhich canbe
communicationsinternalactions,calls to otheragents.So,
the agentsof ARéVi will have to born, evolve and die as
the -calculusprocessedt is thereforeeasyto understand
that for eachCall action, an instanciationof a new agent
is associatedAlso, when an agenthasno more action to
be performed,he mustdie.

The objective of this sectionis to introduce a generic
methodto determineactionsthat the Processagentmust
launch. This methodis basedon an state machine.The
statemachineis composedof the arborescentdiagramof
the actionsof a -calculus process(see gure 1). The
state machinewill reasonon this tree. This tree hasthe
following characteristicseachbranchhasa state( nished,
in progress or not selectedl and eachtype of nodehasa
particularbehaior. Thesenodesmalke go up information
of the statesof the daughterbranchegowardsthe mother
branchesr corverselypropagatean orderresultingfrom a
motherbranchtowardsthe daughterbranchesDepending
onwhetherthey symbolizethe sequentialitythe parallelism
or the choice,thesenodesdo not transmitinformation on
the branchs' state of the identical manner The Process
agentwill exploit this statemachineto live. The rst type
of behaior which makes go up information on the states
sincethe branchesassociatedvith the actions(the actions
representhe leavesof the tree)to the rst branchesf the
treewill be usedfor the Processagentto reportthe actions
which it made.Of course,that will be done during the
perceptionphaseof the Processagent.The secondtype of
behaior which propagatesan order comefrom a mother
branchtowardsthe daughteibranchesill beusefulduring
the decisionphaseof the Processagent.At the end, it will
only have for moduleaction of the agentto launchingthe
actionswhoseascendindranchesrein a statein progress

To initialize this statemachinethateachProcessgenthas,
we put the stateof all branchesat not selectedandlaunch
the orderin progresson the higherbranchof the rst node.

C. Gillespie’s algorithm

In the algorithm of Gillespie (detailed at section II-
C.2) appliedto stochastic -calculus,the selectionof the
channelof communicationon which will be achiese the
exchangeof informationis madeby takinga randomnum-
ber and by knowing all the channelslikely to be chosen.
The rigorousimplementationof this algorithmimplies the
useof a datastructurethat containsall theseinformations.
It is a centralizedmplementationBut with theintentionof
keepingthe conceptof the agentparadigmwe cannotpre-
senethismodelof implementationA distributedmodelfor
the Gillespie's algorithmis neededIn this casethereis not
objector agentthat superviseshe selection.Nevertheless,
this new modelshouldnot skew theinitial algorithm. This
distributed modelwill be integratedinto the agentsof the
MAS which representghe channels(and namedChannel
agents) The decisionalcapacity carriedout by the draw of
a randomnumber which was centralized s transferredo
the Channelagentlevel. So, it is not a supervisomwho goes
to electthe channelon which the communicatiorwill be
done.The channelghemselesaregoingto auto-designate.
They auto-designatéy knowing necessanparameterf
course,namely their Actual Rate (value a; in the initial
Gillespie's algorithm) and the sum of Actual Rate.

Each one tries to auto-designateby choosingits own
random number and uniformly distributed. In that way,
it is possiblethat several Channelagentsauto-designate
or none.In that case,when there are not one and single
Channel agent which auto-designateswe are going to
repeat this algorithm without keeping arnything of the
previousfailure. So,whenthereis successthe probality of
suchor suchchannelis in agreementvith the probability
de ned by Gillespie: for the channeli the probability of
being electedis

Actual Rate;
P= P
i—o Actual Rate;

This algorithm distributed, as we said, restartsif it fails.
But, is therea risk that this algorhithmnever nd a solu-
tion? An examplein [4] exploits a similar algorithm: the
electionby iterationof aleaderby usingarandomvariable.
It is shawvn the electionof aleaderwith a probability 1 will
notexceede iterationson average e is theconstanof Euler
which is worth approximately2:72. Also, we cannoticeit
by anempiricalway. The averagevalueof theiterationsin
the electionof the Channelagentis lower than 3.
Another fundamentalpoint to build this distributed al-
gorithm is the considerationof the way in which the
Channelagentdnteractbetweerthem.They sendmessages
of courseandthatin several steps:

Stepl : rst of all, the Channelagentsare listening

to requestof the Processagents.Theserequestsare



transmissionsn point-to-point. They mustrecordall
the requestdo be ableto countthemandto nd the
value of Actual Rate (Actual Rate = nbSenders
nbReceivers rate). They broadcasthis valueto the
other Channelagents.

Step 2 : they make the sum of Actual Rate which
were transmittedto them. It allows them to nd
the coefcient ap of Gillespies algorithm (see the
descriptionof this algorithmin the sectionlI-C.2).
Step3 : eachChannelagentdraws a randomnumber
If this numberis lower than the ratio betweenits
Actual Rateandthe sumof Actual Rate,it is consid-
eredasauto-designatedndinformsall otherChannel
agentsaboutit by the broadcastingf thisinformation.
At this time, if the Channelagentsrecevie a single
messagéi.e. only oneagentis auto-designatedjhey
considerthat the electionof the agent nished. Oth-
erwise,they startagainthe step3.

Step4 : the Channelagentindicatedwill be able to
choosea senderProcessagentand a recever Process
agentamongthosewich sentrequestso it. Thischoice
is transmittedto all Processagents.Like that, the
Processagentschosencan perform their communi-
cation inter-processwhile the othersare informed of
the failure of their request.

Step 5 : the last step consistsin calculating time
associated with the communication inter-process
accordingto the equationgiven by Gillespie. This
calculation is done by the elected Channel agent
which will broadcastt to all other Channelagents.
The receptionof this time will have the effect of
restartingthe actvity of the Channelagentsin some
period of time: the time of Gillespie.

The life cycle of an agent Channelis in two steps:
rst, it treatsthe requestswhich it receves,in cooperation
with other agents Channel. During this step, they are
entirelysynchronizedlt is necessaryo be ableto make the
election.On the otherhand,the Channelagentswhich did
notreceve ary requestarenot concernedy thealgorithm
of Gillespie.The secondstepis a stepof sleep.lt is at this
time thatthe time of simulationis incrementedAt the end
of the period of sleep(which laststhe time of Gillespie),
the Channelagentstake their actiities back and treatthe
new messages.

By de nition, the agentsare autonomousgentitieswhich
are not coupledthe oneswith the others.The addition of
oneor moreagentdn the simulationis completelypossible
andaccomplishableAt ary time, the usercanunsettlethe
simulationin progressby removing or by adding agents.
This characteristiamountgo putthe userin theloop of the
simulation of the modelsas Tisseausuggestedt (section
I11-A.2). Thanksto this e xibility of handling,the usercan
testhis modelwith completefreedomand easiness.

Enzyme = new (release , catalyse)
(bind ! (catalyse, release), 1) .
BoundEnzyme
BoundEnzyme = (release ! (), 1) . Enzyme +
(catalyse ' (), 30). Enzyme
Substrate = (bind  ? (cat, rel), 1) . BoundSubstrate
BoundSubstrate = (rel ? (), 1) . Substrate +
(cat ? (), 30). Product
Product = Product

-

Substrate

r/ — Product

nb processes
g
n

/ Online modification
0 05 1 15 2
time

Fig. 2. Simulationsof the stodastic -calculusmodelof the enzymatic
reactionwith disruption of the user

V. APPLICATION

The softwareresultingfrom theimplementatiorof these
modelsis namedSPiIC-MAS for Stodastic Pi Calculus-
MultiAgent Simulation[2]. It allows to make multiagent
simulationsof stochastic -calculusmodels.Thesemodels
are the simple scripts of stochastic -calculus recorded
in textual les. This software restson the analyzersFlex
and Bison and on the multiagent platform ARé&Vi. The
graphical user interface allows to choose a stochastic

-calculusmodelandto do the compiling of it. This step
of compiling will translatethe model into orientedagent
codefor ARéVi. Moreover, this interfaceallows to launch
simulationby choosingthe initial conditions(the number
of -calculusprocessest the beginning of the simulation)
and especiallyto interactwith simulation (adjustmentof
the quantitiesof -calculusprocessesat ary time. Let us
seenow somestochastic -calculusmodelsand possible
resultsof their simulationsobtainedwith SPiC-MAS.

A. Generic enzymaticreaction

During this reaction,a substratewill bind to the active
site of an enzyme. This union will form the comple
enzyme-substrateAt this time, the enzymecan activate
the substrate which is transformedthen into product
or releasethe substratejust as it is. At the end of the
reaction, the initial quantity of enzyme must be found
and all the substratesare transformedinto product. In
the simulation carried out with SPiC-MAS ( gure 2),
onceall substrate®f the beginning are reactedwe adda



Mg = (ionizel ' (), 10) Mg_plus

Mg_plus = (ionize2 ' (), 100) . Mg_plus2 +
(deionizel ?2(0, 50) . Mg

Mg_plus2 = (deionize2  ? (), 5 ) . Mg_plus

Cl = (ionizel ?2(0, 10) Cl_minus +
(ionize2 ? (), 100) Cl_minus

Cl_minus = (deionizel ', 5 ) . cCl +
(deionize2 ! (), 5 ) . CI

Fig. 3. Simulationof stodastic -calculusmodelof chemicalreaction.

certainquantity of substrateThat shavs well the usercan
modify the quantity of agents(i.e. -calculusprocesses)
atary time andcanobsenrethenew behaior of thesystem.

B. Chemicalreaction

This example was already used by the designersof
BioSPi [19] and also by the designersof SPiM [3]. It
representghe reactionbetweenmoleculesof magnesium
and chlorine. The systemis usually describedby the
following equation: Mg+ 2CI$ Mg* +2Cl .lts
stochastic -calculusmodel usedby SPiC-MASis shavn
on gure 3.

C. Other examples

Othersimulationswverecarriedout with our software.We
canquotethe”Evolved GeneNetwork” model[9] and[17],
as well as the "Gene Regulation by Positve Feedback”
model[16] and[19].

V1. DISCUSSIONS AND CONCLUSION

This proposalfor simulationsof stochastic -calculus
models by a multiagent system is viable and gives
similar resultsto othersimulators[23] and[16]. However,
from the point of view of computer performances,it
is not optimum. Indeed, the agentsof the MAS have
sometimeslifespan very short - their instanciationsand
their destruction mobilize some resources and their
interactionsby the communicationof messagess more
expensve than a simple call of a function for instance.
But this software can be worthy of interestbecauset is
ergonomic, its use is intuitive and it is interactive: the
user has a precisereturn of the state of the simulation
(thanks to an appropriate GUI) and the user endorses

experimenters role by unsettlingsimulationsin progress.
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